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Abstract: Hungarian agriculture is expected to experience greater risks due to more variability in
crop productivity due to increasing yearly average temperatures and extreme precipitation patterns.
This study investigates the effect of changing climatic conditions on productivity, using a Hungarian
sample of crop producers for a 12-year time period. Our empirical analysis employs True Fixed Effects
frontier models of Farm Accountancy Data Network data that are merged with specific meteorological
data representatively maintained for seeding, vegetative, and generative periods for cereals, oil seed
and protein crops, along with soil quality and usage-related data. Estimations indicate that climate
variables have significant impacts on technical efficiency. In addition, calculation suggest that an
increase in temperature during seeding and vegetative periods, combined with higher precipitation
levels in May and June, will reduce crop farmers’ production frontier. Estimations explain the
variance, while the technical efficiency (TE) scores emphasize the impact of the difference in soil
quality and its water absorption capacity.
Keywords: climatic effects; crop production; technical efficiency; SFA; Hungary
1. Introduction
Several papers investigate the effects of climate change on European agriculture [1–6], and their
conclusions suggest a range of different outcomes. Most research concludes that climate variability is
an important factor to negatively influence crop production [2,6]. However, other studies conclude
that global warming has improved agro-climatic conditions in many regions of Europe [1,3–5]. All the
research agrees, however, that in one way or another climate change is very likely to influence the
productivity in agriculture.
Although there are many papers on efficiency in agriculture, research into the link between
climate change and the technical efficiency of farms [7–11] that has focused on countries outside
Europe (Australia, Chile, and the USA) is limited. Some of the reviewed results suggest that negative
association exists between climatic effects and dairy farm output [7,9], others find that average
temperature has a positive impact on dairy production [10,11] while average temperature in winter
time has no significant impact [10]. The literature also highlights that based on applied method the
results can be substantially different [8]. This paper extends this literature to crop production in Europe,
more specifically, to Hungary.
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In this paper, we focus on Hungarian crop production. To briefly emphasize the sector’s importance,
it amounts to 58% of total agricultural gross output, and contributes at least HUF 2410 billion to the
Hungarian economy. The paper is structured as follows: Section 1 presents climatic trends in Hungary;
Section 2 contains information about the data and methodological specifications. Section 3 presents
results based on stochastic frontier-, true fixed-, and random effect models. Section 4 describes the
discussion of the results.
Temperature and Precipitation Trends in Hungary
Hungary is a located in a geographical region associated with the greatest uncertainty with
respect to climate projections [12,13]. In the last century, the climatic change has been characterized by
warming, which has accelerated due to growing anthropogenic influence since the 1970s. The Hungarian
Meteorological Service reports an increase in the number of heat days and a fall in the number of frost
days. Climate-change-induced temperature extremes are growing faster than the average temperature.
Heat wave intensity, length and frequency have grown in the South-East European region [14].
The Carpathian region is also subject to climate change due to weather-related extremes [15,16].
For example, the summer of 2012 was characterized by serious rainfalls which led to flooding in
Northern Europe and droughts and wildfires in Southern Europe [17]. In the period 1921–1999 in
Western Europe, there were significant and extreme precipitation patterns [14,18], which also occurred
in Hungary. An increase in the threat of extreme variability in precipitation that affects irrigation
and soil erosion may be expected. Further, in the period 1961–1990, temperature anomalies and
exceptionally low precipitation levels were recorded [17]. There were two floods (the Tisza and the
Danube in 2006) and considerable damage to inlands was caused by excess water and flooding [19].
According to changing climate patterns, we can distinguish four main climate-regions [20].
The frequency, duration, and average intensity of climate-change-driven drought events in the
Carpathian region will increase [15]. Meteorological estimations indicate that most changes will
occur over the continental area both in summer and winter, although the distribution of projected
precipitation will be asymmetrical and, in some cases, oppositional in the two seasons (a decrease
in summer and an increase in winter). According to the PRECIS (Hadley Centre at the UK Met
Office, Exeter, UK) [21] regional climate model simulations, year-on-year variation in Hungary will
significantly change in the future, while (simulated) precipitation changes in the transition seasons
involve major uncertainty. The drying tendency shows that it is mainly the south-eastern part of the
country that may face the serious drought hazard [20].
In sum, over recent decades, considerable changes in the climatic conditions of Hungary have
been observed, with variability in temperature and precipitation. These projections reinforce the
likelihood of the continuation of significant change in the climate of Hungary.
2. Materials and Methods
2.1. Data
We use an extended Farm Accountancy Data Network (FADN) panel dataset from 2002–2013 for
crop-producing farms in Hungary. Along with classic production function estimation procedures,
we use output measured as value of gross production as sum of the total incomes and capitalized own
performance (HUF 1000, deflated) and four inputs: land as sum of kitchen garden, productive land
and uncultivated land (measured in hectares), labor as regular and casual paid labor expressing total
agricultural activity (Annual Work Unit, AWU), capital as total net worth calculated from subscribed
capital, unpaid subscribed capital, accumulated profit reserve and balance sheet (HUF 1000, deflated),
and intermediate consumption expressed as sum of material costs, main costs, other material costs of
the agricultural activity not yet accounted for, material costs in forest management and material costs in
game management (HUF 1000, deflated). Meteorological data were obtained from the EU Joint Research
Centre, MARS-AGRI4CAST [22] project—namely, daily average temperature (◦C), sum of precipitation
Agriculture 2020, 10, 421 3 of 12
(mm/day) for seeding (April), vegetative (May–June), and generative (July–August) periods. Additional
dummy variables used to control for soil quality and limitation of land use include (EU Joint Research
Center, EUSOILS) [23]: AGRICUL—denotes the dominant limitations for the agricultural use of soils,
HWC_SUB—denotes the water-absorbing capacity of subsoil, where >140 mm/m is considered soil
with good water retention capacity. HWC_TOP describes the water retention capacity of topsoil, while
finally the LOC_TOP variable denotes soil organic content, where <2% organic content is considered
low-organic-content topsoil. We also consider additional variables such as the legal structure of
farms. Legal as a dummy variable takes the value one if the farm is a corporate farm and zero for
individual farms.
Throughout the observed period, yearly temperature and rainfall data vary greatly amongst
Hungarian regions. Thus, a start–end period comparison would not reveal any robust information
in this respect. The average meteorological variables throughout the period on a LAU1 (Local
Administrative Unit, level 1, formerly known as NUTS4) disaggregation level are shown in Figures 1
and 2. The different geographical areas (e.g., the Great Hungarian Plain) are clearly visible, as is the
disparity between temperature and rainfall.
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Figure 2. Mean seeding, vegetative and generative precipitation on a LAU1 level. Source: authors’
calculations based on EU Join Res arch C ter MARS-AGRI4CAST [22].
Figures 1 and 2 reveal that high-temperature and higher precipitation regions do not overlap,
emphasizing the challenges Hungarian agriculture is facing. The highest temperature rise is experienced
in t e southern part of th country, where the widest v riation of precipitation is also observed.
Th precipitation distribution over time is also chall nging, the regions experiencing w ter shortage
in seeding and vegetative periods encounter water surplus in genera ive phase, which may resul in
deterioration of quality in harvested y elds.
The descriptive statistics of climatic variables highlight serious variability in climatic conditions
(Table 1).
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Table 1. Descriptive statistics of variables for 2002–2013.
Variable Description Observations Mean Std. Dev. Min Max
DEVtemp_avS Temperature deviations from historical data inseeding period 11 785 −1.07 1.01 −4.98 1.30
DEVprec_sumS Precipitation deviations from historical data inseeding period 11 785 0.19 0.84 −2.85 1.70
DEVtemp_avV Temperature deviations from historical data invegetative period 11 785 −0.83 1.16 −4.41 1.74
DEVprec_sumV Precipitation deviations from historical data invegetative period 11 785 −0.06 1.00 −4.95 2.37
DEVtemp_avG Temperature deviations from historical data ingenerative period 11 785 −1.00 0.86 −3.09 1.13
DEVprec_sumG Precipitation deviations from historical data ingenerative period 11 785 −0.08 1.03 −4.54 2.12
no_tminS Number of days with below 0
◦C temperatures in
seeding period 11 785 1.65 2.11 0.00 12.00
no_tminV Number of days with below 0
◦C temperatures in
vegetative period 11 785 0.07 0.29 0.00 3.00
no_tmaxV Number of days above 30
◦C in the
vegetative period 11 785 8.59 5.98 0.00 29.00
no_tmaxG Number of days above 30
◦C in the
generative period 11 785 22.44 8.16 3.00 44.00
Temperature is measured in Celsius, precipitation in mm/day. Source: authors’ calculations
The following variables were defined to create the inefficiency function—all were observed in the
grid in which the farm operates:
1. Number of extreme temperature days: no_tminS and no_tminV: number of days with below 0 ◦C
temperatures in Seeding and Vegetative periods, respectively; no_tmaxV and no_tmaxG: number
of days above 30 ◦C in the Vegetative and Generative periods, respectively.
2. Deviations from long-run, historical temperature and precipitation. To calculate deviations,
we employed grid-specific daily weather data from 1975–2013. Thus, DEVtemp_avS,
DEVtemp_avV, DEVtemp_avG denote temperature deviations, whilst DEVprec_sumS,
DEVprec_sumV, DEVprec_sumG denote precipitation deviations from historical data in Seeding,
Vegetative and Generative periods, respectively.
3. Deviations from historical extreme weather events.
The first step of our investigation was to estimate technical efficiency (TE) scores. Since Schmidt
and Knox-Lovell [24] and Meeusen and van den Broeck [25], stochastic frontier analysis has become a
standard tool in applied economics. Standard efficiency models assume that all firms face a common
frontier and differences only result from the intensity of input use [26,27]. A fundamental role of
stochastic frontier models is to estimate the technical (cost) inefficiency exploiting the conditional
distribution of the error term [28].
2.2. Method
Panel data models including fixed-effects or random-effects models are appropriate to account for
unobserved heterogeneity [29,30]. There are two major shortcomings of these models: (i) treating the
inefficiency term as time-invariant, which causes a fundamental identification problem, and (ii) the fact
that they are not able to distinguish between cross-individual heterogeneity and inefficiency [31,32].
To solve these shortcomings, Greene [32] suggests two stochastic frontier models that are time-variant
and that distinguish unobserved heterogeneity from the inefficiency component. These models are
called the “true” fixed-effects- (TFE) and “true” random effects (TRE) models. Greene [32] notes that
the TFE model may produce biased individual effects and efficiency estimates due to the presence
of individual effects creating an incidental parameter problem. However, TRE models produce
unbiased inefficiency estimates, yet require stronger assumptions. Since current climatic conditions are
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incorporated into the TRANSLOG frontier, one could argue that departures from long-term conditions
or extreme weather events may impact technical efficiency scores. The TRE model can be specified as:




+ wi + vit − uit (1)
where yit is the log of output (value of production) for farm i at time t; α is a common intercept;
f (xit:β) is the production technology; xit is the vector of inputs (in logs); β is the associated vector of
technology parameters to be estimated; wi is a time invariant and farm specific random term to capture
unobserved heterogeneity; vit is a random two-sided noise term (exogenous production shocks) that
can increase or decrease output (ceteris paribus); and uit > 0 is the non-negative, one-sided inefficiency
term. The parameters of the model are estimated using the maximum likelihood (ML) method with
the following distributional assumptions:
uit ~ N+ (0, σ2u) (2)
vit ~ N+ (0, σ2v) (3)
wi ~ N+ (0, σ2w) (4)
where N+ expresses the positive normal distribution, 0 is the expected value; σ2u is the variance of u;
σ2v is the variance of v and σ2w is the variance of w, respectively.
To predict farm-specific technical efficiency we apply an estimator from Battese and Coelli [33].
There are two main approaches [34] to accounting for meteorological data in production functions.
The first one estimates efficiency scores and regresses the result on climate data (e.g., [35]),
implicitly assuming that climate data changes efficiency. The second approach, which we follow in this
paper, considers climate effects as non-material inputs that enter the production function (e.g., [7,9,36]).
To examine the different assumptions of our analysis we compared five specifications of SFA
(Stochastic Frontier Analysis) models, where Model 1 = pooled frontier without climatic variables;
Model 2 = pooled frontier with climatic variables; Model 3 = TFE specification with climatic variables;
Model 4 = TRE specification with climatic variables; and Model 5 = TRE model with Mundlak’s
specification and climatic variables and climatic variables. Models 1 and 2 essentially treat the data as
cross-sectional, whereas Models 3 to 5 use panel data treatment.
3. Results
Based on data about Hungarian plant producers from 2003 to 2013, the research described herein
constructed SFA and TFE models to estimate the technical efficiencies of the sample. Table 2 shows
parameter estimates from the stochastic frontier models.
Table 2. Estimation Results.
Variable Description M1 M2 M3 M4 M5
Frontier
lnLand Logarithmic form of land variable 0.00 0.01 0.01 0.02 0.01
lnLabor Logarithmic form of labor variable 0.08 *** 0.09 *** 0.09 *** 0.08 *** 0.09 ***
lnCap Logarithmic form of capital variable 0.09 *** 0.09 *** 0.09 *** 0.08 *** 0.09 ***
lnMat Logarithmic form ofintermediate consumption 0.83 *** 0.82 *** 0.82 *** 0.82 *** 0.82 ***
lnLand_lnLabor −0.05 ** −0.06 *** −0.06 *** −0.06 *** −0.06 ***
lnLand_lnCap 0.03 0.03 ** 0.03 ** 0.04 ** 0.04 **
lnLand_lnMat 0.03 0.03 0.03 0.03 0.03
lnLabor_lnCap −0.04 *** −0.04 *** −0.04 *** −0.04 *** −0.04 ***
lnLand_lnLabor −0.05 ** −0.06 *** −0.06 *** −0.06 *** −0.06 ***
lnLand_lnCap 0.03 0.03 ** 0.03 ** 0.04 ** 0.04 **
lnLand_lnMat 0.03 0.03 0.03 0.03 0.03
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Table 2. Cont.
Variable Description M1 M2 M3 M4 M5
lnLand_lnLabor −0.05 ** −0.06 *** −0.06 *** −0.06 *** −0.06 ***
lnLand_lnCap 0.03 0.03 ** 0.03 ** 0.04 ** 0.04 **
lnLand_lnMat 0.03 0.03 0.03 0.03 0.03
lnLabor_lnCap −0.04 *** −0.04 *** −0.04 *** −0.04 *** −0.04 ***
lnLabor_lnMat −0.05 ** −0.04 * −0.04 * −0.04 * −0.04 *
lnCap_lnMat −0.03 * −0.04 *** −0.04 *** −0.04 *** −0.04 ***
lnLand_2 Quadratics of logarithmic land variable 0.00 0.01 0.01 0.01 0.01
lnLabor_2 Quadratics of logarithmic labor variable 0.06 *** 0.06 *** 0.06 *** 0.06 *** 0.06 ***
lnCap_2 Quadratics of logarithmic capital variable 0.03 *** 0.03 *** 0.03 *** 0.03 *** 0.03 ***
lnMat_2 Quadratics of logarithmicintermediate consumption 0.01 0.01 0.01 0.01 0.01
trend Trend variable 0.01 *** −0.04 *** −0.03 *** −0.04 *** −0.03 ***
trend2 Quadratics of trend variable −0.00 *** 0.00 *** 0.00 *** 0.00 *** 0.00 ***
lnTSeeding Logarithmic form of temperature inseeding period 0.29 *** 0.29 *** 0.51 *** 0.30 ***
lnTVegetative Logarithmic form of temperature invegetative period −0.15 −0.10 0.04 −0.17 *
lnTgenerative Logarithmic form of temperature ingenerative period −1.46 *** −1.21 *** −1.10 *** −1.45 ***
lnPSeeding Logarithmic form of precipitation inseeding period 0.00 0.00 −0.01 −0.00
lnPVegetative Logarithmic form of precipitation invegetative period 0.05 *** 0.04 *** 0.07 *** 0.05 ***
lnPgenerative Logarithmic form of precipitation ingenerative period −0.03 *** −0.03 *** −0.01 −0.03 ***
lnTSeeding2 Quadratics of logarithmic temperature inseeding period 1.05 ** 0.94 * 1.50 *** 1.09 **
lnTVegetative2 Quadratics of logarithmic temperature invegetative period −9.14 *** −8.40 *** −8.05 *** −9.23 ***
lnTgenerative2 Quadratics of logarithmic temperature ingenerative period 3.54 4.14 * 4.33 * 3.95 *
lnPSeeding2 Quadratics of logarithmic precipitation inseeding period −0.01 *** −0.01 *** −0.01 *** −0.01 ***
lnPVegetative2 Quadratics of logarithmic precipitation invegetative period −0.03 * −0.03 ** −0.02 −0.03 *
lnPgenerative2 Quadratics of logarithmic precipitation ingenerative period −0.06 *** −0.06 *** −0.04 *** −0.06 ***
Mu
no_tmaxG Number of days above 30
◦C in the
generative period 1.19 ***
no_tmaxV Number of days above 30
◦C in the
vegetative period 0.79
no_tminV Number of days with below 0
◦C
temperatures in vegetative period −3.90
no_tminS Number of days with below 0
◦C
temperatures in seeding period −0.79
DEVtemp_avS Temperature deviations from historicaldata in seeding period −8.17 ***
DEVprec_sumS Precipitation deviations from historicaldata in seeding period 3.56
DEVtemp_avV Temperature deviations from historicaldata in vegetative period −5.63 **
DEVprec_sumV Precipitation deviations from historicaldata in vegetative period −6.80 ***
DEVtemp_avG Temperature deviations from historicaldata in generative period −9.51 ***
DEVprec_sumS Precipitation deviations from historicaldata in seeding period 3.56
DEVtemp_avV Temperature deviations from historicaldata in vegetative period −5.63 **
DEVprec_sumV Precipitation deviations from historicaldata in vegetative period −6.80 ***
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Table 2. Cont.
Variable Description M1 M2 M3 M4 M5
DEVprec_sumS Precipitation deviations from historicaldata in seeding period 3.56
DEVtemp_avV Temperature deviations from historicaldata in vegetative period −5.63 **
DEVprec_sumV Precipitation deviations from historicaldata in vegetative period −6.80 ***
DEVtemp_avG Temperature deviations from historicaldata in generative period −9.51 ***
DEVprec_sumG Precipitation deviations from historicaldata in generative period −4.17 **
DEVno_tminS Deviation from number of days withbelow 0 ◦C temperatures in seeding period 0.17
DEVno_tminV
Deviation form number of days with




Deviation form number of days with




Deviation form number of days with
above 30 ◦C temperatures in
generative period
−0.18 **
constant −205.29 *** −175.76 *** −150.78 *** −99.34 *** −122.08 ***
Usigma
legal Legal form of farm −0.40 *** −0.49 *** −0.47 *** −0.46 *** −0.49 ***
constant 3.81 *** 3.60 *** 3.20 *** 2.71 *** 3.28 ***
Vsigma
AGRICUL Dominant limitations for the agriculturaluse of soils, dummy variable 0.08 0.02 −0.04 −0.01 0.04
HWC_SUB Water retention capacity of subsoil isabove 140 mm/m, dummy variable −0.10 ** −0.17 *** −0.19 *** −0.14 *** −0.16 ***
HWC_TOP Good water retention capacity of topsoil,dummy variable −0.36 *** −0.36 *** −0.38 *** −0.39 *** −0.35 ***
LOC Soil organic content is below <2%, dummyvariable −0.01 −0.05 −0.04 −0.05 −0.05
constant −3.08 *** −3.01 *** −2.94 *** −2.99 *** −3.04 ***
Statistics
N 11,375.00 11,327.00 11,327.00 11,327.00 11,327.00
ll −964.65 −454.58 −432.11 −369.31 −449.01
chi2 67,463.12 71,899.56 71,555.29 69,065.44 72,323.66
p 0.00 0.00 0.00 0.00 0.00
* p < 0.10, * p < 0.05, *** p < 0.01; Source: authors’ calculations.
Variables that control the production frontier (lnLabor, lnCap, lnMat) are significant and they have
expected positive signs and values. Similarly, the coefficients for farm expenditures were consistent
with the others in the pooled models. The time trend, which was incorporated into the production
frontier to reflect technological progress, was statistically significant with a positive effect.
The first group of meteorological variables examined the effect of temperature and precipitation
values measured in sowing, vegetative, and generative phenological phases on farm efficiency.
Higher temperatures measured during the sowing (Tseeding) period have a positive effect on efficiency.
The result is not surprising, as we assume that the sowing period of the continental climate belt can be
made in April, during which time higher temperatures are essential for the germination of spring-sown
plants. The effect of changes in precipitation patterns over the same period is not clear. While for M2
and M3 specifications the increase in precipitation has a positive effect, for M4 and M5 it has reduced
efficiency. The results are explained by the fact that rainfall distribution is a key issue in outdoor crop
production, the mere increase in higher rainfall does not improve yields, and the temporal and spatial
distribution of falling precipitation images is difficult to predict.
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There is a change of sign in the vegetative (Tvegetative) and generative (Tgenerative) periods.
The phenologically important plant growth or vegetation period can occur in May-June, during which
time the vegetative parts of the plants are formed, for example when the stems and leaves are formed.
The higher temperature in most cases significantly and negatively affected the change in efficiency in
most model specifications. The results show that higher precipitation measured during the growth
period improved the efficiency of the surveyed plants.
The ripening and harvest period can occur in July-August; during this period the increase in
temperature (Tgenerative) greatly and significantly impaired the efficiency. The results of the square
members show that the relationship is not linear. Increased precipitation (Pgenerative) also suggests
a negative effect. The results are based on the effects of yields on harvest quality, as the sudden rise
in temperature and falling precipitation degrade the marketability and quality characteristics of the
produce for most crops.
The second part of the table (Mu) contains the factors determining inefficient operation.
Cold stress and heat stress, which are becoming more frequent as a result of climate change,
are the environmental factors that most reduce plant production through disruption of molecular,
biochemical and physiological processes. Heat stress affects plant nutrient uptake, nutrient utilization,
development of vegetative parts, intensity of photosynthesis and respiration, yield, and yield quality.
Low temperatures are critical for plants, as they are one of the most important determinants of
the occurrence and prevalence of natural plant associations. In the case of agricultural cultivation,
temperature is the factor that most limits the ability of plants to grow in a given area. As a result of
cold stress, the development of the plant is significantly slowed down and physiologically damaged,
the number of germinating seeds is reduced, and the time required for germination is lengthened.
Cold stress in young plants significantly reduces the photosynthetic activity of the plant, which is
reflected in both a decrease in CO2 assimilation and a slowdown in photosynthetic processes. In the
studied 12-year period, we examined the number of days where the average daily temperature was
below 0 ◦C (cold stress) or above 30 ◦C (heat stress), separately to the values measured in the sowing
(S), vegetative (V) and generative (G) periods. The number of heat stress days significantly explains
the lack of efficiency in the generative period, heat stress worsened the output of crop growers during
the crop period. Inefficient functioning also increases during the vegetative (growth) period.
Climate change studies often evaluate differences in meteorological values from the base period.
The M4 model examines the differences in the average temperature and precipitation amount within
the country, where the period of comparison is given as the period between 1975 and 2013. In all three
study periods, deviations from long-term temperature experiences significantly reduced effective status,
which can be explained by the adaptive behavior of farmers who monitor long-term meteorological
changes and take steps to reduce expected negative effects. The evolution of precipitation patterns is
not so clear. Decreasing efficiency in the sowing phase changes by significantly decreasing results in
the vegetative and generative phases.
In addition to climate change, the model includes the characteristic soil quality factors of the
plants based on the ESDAC EUSOILS data, namely the water holding capacity of the sub- and topsoil
and the organic matter content. Soil quality coefficients influencing Vsigma variance are significant
and well-characterized. In most model specifications, the high water management capacity of soils
increases plant efficiency. The effect of the legal form defining Usigma variance has yielded significant
results. The results show that the inefficient state decreases in the case of individual farms, while in the
case of ceteris paribus, the ineffective state is more common in all examined model specifications.
Figure 3 shows the mean annual TE estimated from each model. Average TE for model 4, which fits
the best, was 0.840. Average TE for Models 2 to 5 were higher than for Model 1 which is consistent
with the fact that the climate variables have important effect on TE.
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4. Discussion
Understanding climatic impacts on the technical efficiency of agricultural crop production is
of central importance. Thus, we employed climatic (MARS Agri4cast) and soil (ESDAC EUSOILS)
variables in alternative stochastic production frontier models to derive measures of climatic effects
based on a representative Hungarian plant-producer dataset (FADN) from 2002 to 2013. Many of the
underlying drivers of the negative effects of climate change are subject to uncertainty. Meteorological
events are not easily predictable beyond a few decades, and economic growth is even more unpredictable.
In this paper, we compared five econometric models to generate projections of agricultural conditions.
Our main findings are as follows.
Higher temperatures measured during the sowing (Tseeding) period had a positive effect on
efficiency, and this result is consistent with the findings of Reidsma, Solis and Letson [2,37]. Reidsma [2]
examined the effects of climate change on the economic performance of farms, taking into account only
the temperature effects experienced in the first half of the year. According to its results, if the average
temperature rises by 1%, Greece (0.48%) and the Scandinavian region (0.09%) also expect positive
effects in the period under review, while Spain, Italy, France, Germany and the Benelux countries and
the United Kingdom experience negative effects. Similarly, Solis and Letson [37] examined the effects
of climate forecasts by estimating the technical efficiency of farmers. The authors reported a positive
relationship between the technical efficiency of crop growers and rising spring temperatures.
The increase in temperature during the Tgenerative maturation phase significantly reduced the
efficiency of the plants. The result was obtained by Qi [9], the authors evaluated the effects of spring,
summer, autumn, and winter temperature increases in an experiment on USA farmers, finding that
increasing temperatures from spring to autumn impaired efficiency.
In the best-fitting M4 model specification, changes in precipitation patterns and the effect of
increasing precipitation decrease in the Pseeding and Pgenerative phenological phases, while in
the Pvegetative phase they increase operating results. The result is only partially related to Qi [9],
who observed declining technical efficiency of plants in the summer and autumn periods as a result of
increased precipitation. In contrast, Deschenes and Greenstone [38] previously found a significant and
positive relationship between precipitation variability and agricultural profit.
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5. Conclusions
This paper adds to our knowledge with respect to the potential impact of estimated changes on
crop producing farms in Hungary, and indeed Europe. After experimenting with various productivity
models, specifications and functional forms, we included meteorological variables into a production
frontier and “extreme weather events” in the determinants of inefficiency part to show the impact of
climate variables upon farmers’ production frontiers. Temperature and precipitation variables proved
significant in all estimations. In addition, we employed rarely used data (in economics at least) from
the European Soil Database to further assess variations in technical efficiency.
While results suggest that a higher temperature is beneficial during the seeding and vegetative
periods, more precipitation in the vegetative phase will benefit the Hungarian crop sector. The results
also suggest that, holding all other factors constant, a mild negative association exists between climatic
effects and farm output over the 12-year period of analysis. Our results come with some caveats,
such as possible aggregation bias (since we use all crop field farms), and issues related to using a
common frontier approach to farms operating under various management and technologies.
We conclude that an estimation of the potential evolution of these processes based on agricultural
productivity would be valuable when designing adaptation strategies.
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